Studying continuous structural neuroplasticity during learning using diffusion MRI
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Introduction

Structural neural modifications have been detected after short learning periods using Magnetic Resonance Imaging (MRI)

(Sagi et al., 2012; Tavor et al., 2020, 2013; Brodt et al., 2018; Jacobacci et al., 2020).

Previous studies compared 3D images collected at two time-points: before and after learning.

Here we characterize continuous microstructural changes during learning by adding the time dimension to structural MRI scans.
We focus on learning-induced mean diffusivity (MD) decrease.

We suggest a novel 4D spatio-temporal dataset that will provide insights into the dynamic nature of neuroplasticity.
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Figure 1. lllustrated differences in continuous learning-related MD decrease. Simulated examples of three possible curves of MD decrease that may be discovered

by adding the time dimension and investigating the continuous change. MDpe - MDpost = AMD; =
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Figure 2. (A) An illustration of a sliding window over
multiple diffusion weighted images (DWI) volumes.
(B) For each window, an MD value in each voxels
was calculated to build a 4D dataset.
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Behavioral results Continuous changes in brain microstructure while learning
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Figure 3. Averaged e arebilim AR WA properties following learning were

behavioral scores for 30 A (e found in several brain areas.
participants who |

performed a finger
tapping task for 33.5
minutes (24 trials).
10 ' ' (A) Mean sequence

Trial duration per trial.
Number of correct sequences (B) Mean number of

correct sequences per Figure 4. Continuous changes in MD in
trial. Both measures ) three ROls averaged across 30 participants.
indicate successful A& - (Purple) Left hippocampus; (Blue) Right
learning. : AN ~ primary motor cortex (M1); (Green)

" Bilateral Cerebellum; A significant decrease
in MD was found in all areas, but while M1

and the hippocampus presented a linear
decrease, the cerebellum showed a

steplike decrease (marked in red).
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 These areas differed in the temporal
development of learning-induced
changes.
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Similarity networks
We examined networks of brain regions with similar patterns of MD changes, focusing on the Brainnetome (BNA) atlas (Fan et al., 2016) segments in which MD decreased during the task.

(C)

8.7 1. Figure 5. (A) Correlation matrix
s for the patterns of MD changes
in BNA areas that showed an
MD decrease during learning.
Results are thresholded at
Pearson’sr > 0.7.

(B) Three networks were found
showing similar patterns of MD
changes.

(C) Averaged timecourses of
MD changes during learning in
these three networks.
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Conclusions

Our novel MRI protocol allows the exploration of dynamic aspects of neuroplasticity, such as which brain areas are the first to change in the process of learning and
which follows, or which areas are gradually changing as opposed to others that demonstrate stepwise modifications. We suggest that different task-related brain areas
demonstrate different patterns of structural modifications.
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